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Introduction. Despite the worldwide increase in prevalence of chronic pain and the subsequent 
scientific interest, researchers studying the brain and brain mechanisms in pain patients have not yet 
clearly identified the exact underlying disease. Quantifying the neuronal interactions in 
electrophysiological data could help us gain insight into the complexity of chronic pain. Therefore, the 
aim of this study is to examine how different underlying pain states affect the processing of nociceptive 
information.  
 
Methods. Twenty healthy participants, 20 patients with non-neuropathic low back-related leg pain and 
20 patients with neuropathic failed back surgery syndrome received painful electrical stimulation at 
the right sural nerve with simultaneous electroencephalographic recordings. Dynamic Causal Modeling 
(DCM) was used to infer hidden neuronal states within a Bayesian framework.  
 
Results. Pain intensity ratings and stimulus intensity of the nociceptive stimuli did not differ between 
groups. Compared to healthy participants, both patient groups had the same winning DCM model, 
with an additional forward and backward connection between the somatosensory cortex and right 
dorsolateral prefrontal cortex.  
 
Discussion. The additional neuronal connection with the prefrontal cortex as seen in both pain patient 
groups could be a reflection of the higher attention towards pain in pain patients and might be 
explained by the higher levels of pain catastrophizing in these patients. 
 
Conclusion. In contrast to the similar pain intensity ratings of an acute nociceptive electrical stimulus 
between pain patients and healthy participants, the brain is processing these stimuli in a different way.  
 










Chronic pain has a prevalence of 19.6% in individuals between 20 and 59 years old (Meucci et al., 2015), 
with the lower back being one of the most common body locations for developing chronic pain 
(Macfarlane, 2016). This high prevalence has led to the recognition of low back pain (LBP) as a 
significant public health problem (Amorim et al., 2016). Despite the functional disability, impairment 
of psychological status and low quality of life related to chronic LBP, a well-defined targeted and 
effective treatment strategy for these patients is still lacking (Hong et al., 2014; Webster and Markman, 
2014). The fact that pain is a very complex and multidimensional experience, with different 
psychological processes (e.g., pain catastrophizing) that are mediating the net pain response (Edwards 
et al., 2016; Meints and Edwards, 2018), is not helpful to find suitable treatments for all patients. 
Revealing the exact pathophysiological mechanisms underlying different types of pain would be of 
great value for pain treatment.   
 
A Voxel-Based-Morphometry study emphasized the role of pain catastrophizing in patients with low 
back pain, which was significantly associated with cortical gray matter volume in brain areas involved 
in processing attentional, sensory and affective aspects of pain (Chehadi et al., 2017). Pain 
catastrophizing is a construct that comprises elements of rumination (i.e., an anxious preoccupation 
with pain and the inability to inhibit pain-related thoughts and fears), magnification (i.e., the tendency 
to amplify the significance of pain with respect to implications for one’s global health), and 
helplessness (i.e., despair surrounding perceived inability to control one’s pain experience) (Burns et 
al., 2015; Sullivan et al., 1995). Pain catastrophizing is an important predictor of functioning and 
disability among individuals with chronic pain (Craner et al., 2016). The presence of chronic LBP itself, 
is associated with several functional and structural anatomical alterations, such as for example 
increased cortical thickness of the dorsolateral prefrontal cortex (Apkarian, 2015; Seminowicz et al., 
2011). A recent systematic review evaluating brain alterations and clinical measures, concluded that 
these brain alterations should be taken into account when treating patients with chronic 
musculoskeletal pain by utilizing a biopsychosocially-driven approach that is also addressing the 
central nervous system (Coppieters et al., 2016). This emphasizes the importance of evaluating how 
these alterations are influencing brain networks.  
 
Previously, several differences between patients with chronic nociceptive and neuropathic pain were 
noted. Patients with predominantly neuropathic chronic low back pain report higher pain intensity 
scores, poorer physical and mental health related quality of life, greater signs of depression and 
psychological distress and increased sensory thresholds to tactile stimulation compared to patients 
with predominantly nociceptive pain (Spahr et al., 2017). Studies exploring brain alterations in patients 
with predominant nociceptive versus neuropathic chronic pain are rather scarce. Gustin et al. (2011) 
explored changes in regional brain anatomy in patients with non-neuropathic and neuropathic 
orofacial pain. Patients with neuropathic pain revealed significant changes in gray matter volume 
compared to non-neuropathic pain patients. More specifically, gray matter volume of neuropathic pain 
patients was reduced in the primary somatosensory cortex, anterior insular, putamen, nucleus 
accumbens, and the thalamus, whereas gray matter volume was increased in the posterior insula 




One way to further elucidate the underlying brain mechanisms is by exploring effective connectivity.  
Within this concept, researchers evaluate the influence that one neuronal system is exerting over 
another with a directional relationship (Friston, 1994). Dynamic Causal Modeling (DCM) is a type of 
connectivity analysis to infer hidden neuronal states behind measured brain responses, based on a 
Bayesian framework (Stephan et al., 2010). DCM models are generative models of the brain responses, 
which provide posterior parameter estimates including information about the strength of connections 
between neuronal populations and the context-dependent modulation (Stephan et al., 2010). This 
process was previously described as "performing a biological informed source reconstruction with the 
added constraint that the activity in one source has to be caused by activity in another, in a biologically 
plausible fashion" (David et al., 2006). In the present study, DCM will be used to further explore the 
interactions between brain regions in healthy participants, patients with nociceptive LBP (presurgical 
patients with nociceptive low back-related leg pain) and patients with neuropathic LBP due to Failed 
Back Surgery Syndrome. The interactions between brain regions will be evaluated when providing an 
acute nociceptive stimulus. Therefore, the aim of this study is to explore the neuronal architecture that 
might underlie acute nociceptive stimuli processing and how this is altered by nociceptive and 
neuropathic pain states. Additionally, after identifying the underlying model(s), inferences on 
parameter estimates will be made to observe differences in brain connections between healthy 




2.1 Pain thresholds 
The median EDT and EPT were not significantly different between the three groups (EDT χ2(2)= 1.74, 
p=0.42 ; EPT  χ2(2)= 0.655, p=0.72). The pain intensity ratings on the 20 acute electrical stimuli did not 
differ between the groups (χ2(2)= 2.538, p=0.28) with median pain ratings in the healthy group of 3 (3-
4.25), in the LBLP group of 4.5 (3-6) and in the FBSS group of 4.5 (3-6) out of 10 (table 2).  
 
2.2 DCM analysis 
2.2.1 Model fitting 
2.2.1.1 Healthy participants 
The exceedance probability (xp) for families F (xp=0.371) and L (xp=0.603) was far greater than that of 
the other families (xp varying from 0.0001 towards 0.019) (figure 1). Next, exceedance probabilities of 
all 114 models were separately evaluated. There was one clear winning model, derived from family F, 
that outperformed the other models with an xp of 0.481 namely model 40. This model had input from 
S1 with forward connection towards the left and right ACC and the left and right insula. Additionally, 
forward connections were found from the left ACC towards the right ACC, from the left insula towards 
the right insula and from the left PFC towards the right PFC. Left and right insula had forward 
connections towards respectively the left and right ACC. The left and right ACC on their turn, had 
forward connections towards respectively the left and right PFC. All forward connections 
demonstrated a corresponding backward connection. The Bayesian omnibus risk test of this analysis 
indicated that the null hypothesis of equal evidence for all models could not be rejected (Bayesian 
omnibus risk = 0.058).  
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2.2.1.2 Patients with LBLP 
The xp for family F (xp=0.974) outperformed the other families (xp varying from 0.0001 towards 0.007) 
(figure 1). Secondly, exceedance probabilities of all 114 models were separately evaluated. Model 38 
(from family F) outperformed the other models with an xp of 0.657. This model has his input from S1 
with forward connection towards the left and right ACC,  the left and right insula and the left and right 
PFC. Additionally, forward connections are found from the left ACC towards the right ACC, from the 
left insula towards the right insula and from the left PFC towards the right PFC. Left and right insula 
have forward connections towards respectively the left and right ACC. The left and right ACC on their 
turn, have forward connections towards respectively the left and right PFC. All forward connections 
have a corresponding backward connection. The Bayesian omnibus risk test of this analysis indicated 
that the null hypothesis of equal evidence for all models could be rejected (Bayesian omnibus risk = 
0.013). 
 
2.2.1.3 Patients with FBSS 
Family F had an xp of 0.921, which was higher than the xp of the other families (xp varying from 0.0001 
towards 0.055) (figure 1). Regarding model inference, model 38 had a higher xp (xp=0.275) than the 
other models. The Bayesian omnibus risk test of this analysis indicated that the null hypothesis of equal 
evidence for all models could not be rejected (Bayesian omnibus risk = 0.05). 
2.2.2 Parameter estimates 
To determine effective connectivity of parameters, a PEB was performed on the nested models of 
family F. Estimated connectivity of the parameters that contribute to the model evidence, common 
across all populations, are represented in figure 2. All posterior probabilities are above 0.75. 
Contributing forward and backward connections are all excitatory. The first regressor was used to 
determine differences between being a patient or not being patient which resulted in differences in 
the connection from S1 towards right insula (Pp:0.81, scaling parameter: 0.954) and from left PFC 
towards right PFC (Pp:0.88, scaling parameter: 0.917) (figure 3). Between the two patient groups, 
differences in the connection from S1 to right ACC (Pp: 0.98, scaling parameter: 0.896), from right INS 
towards right ACC (Pp: 0.83, scaling parameter: 0.931), from right ACC towards right PFC (Pp: 0.84, 
scaling parameter: 1.095) and from left PFC to SI (Pp: 0.8, scaling parameter: 1.084). Parameters 
associated with covariate age are the connection from left ACC towards right ACC (Pp:0.89, scaling 
parameter: 1.005), from right ACC towards right INS (Pp:0.99, scaling parameter: 0.992) and from left 





In this study, we calculated DCM within a Bayesian framework to determine whether the coupling 
between brain regions was different in healthy participants, patients with nociceptive LBLP and 
patients with neuropathic FBSS, when providing painful electrical stimulation on the lower limb. Model 
families that showed the best explanation for the recorded EEG data all had forward and backward 
connections. Forward connections are known to segregate sensory information while backward 
connections are denoted to have a role in mediating contextual effects (Penny et al., 2011). It is already 
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demonstrated that pain processing is modulated by social context, attention and certain personality 
traits of a person (van Heck et al., 2017), which makes it very plausible that forward as well as backward 
connections are playing a crucial role in nociceptive processing, in both healthy participants and 
patient groups.  
 
The winning model that is best explaining the processing of an acute nociceptive stimulus in healthy 
participants, is different from that seen in patient groups. Differences in brain connectivity between 
healthy controls and pain patients are in line with the abnormal functional connectivity within the 
default mode network that was found in chronic low back pain patients compared to healthy controls 
(Tu et al., 2019). Additionally, in 2019 two coordinate-based meta-analyses were performed to reveal  
spatial patterns of functional activation in response to experimental pain in healthy participants and 
chronic low back pain patients. In healthy participants, consistent activation in the right anterior 
hippocampus, parahippocampal gyrus, and amygdala was found. In chronic pain patients, consistently 
less activation in patients' anterior hippocampus was elucidated compared with healthy participants 
(Ayoub et al., 2019). In a systematic review of MRI and fMRI studies exploring structural and functional 
brain changes in chronic low back pain patients, it was found that only 3 of 10 functional MRI studies 
observed significant differences during noxious stimulation between pain patients and control groups 
whereas 13 of 16 studies observed significant brain activation differences between pain patients and 
controls during various external tasks. The authors concluded that brain changes in chronic low back 
pain patients were mainly observed in areas important in emotion and cognition, rather than those 
typically associated with nociception (Ng et al., 2018). As such, the occurrence of different winning 
models in pain patients compared to healthy participants in the currently performed study is in line 
with available literature.  
 
Between both patient groups however, no differences could be withheld, meaning that, we found no 
evidence of altered processing of an acute painful stimulus in patients with neuropathic and non-
neuropathic LBP. This suggests that despite different clinical manifestations between patients with 
LBLP and FBSS, the presence of pain is causing similar brain responses. Additionally, presence of the 
same winning model in both patient groups could be supported by similar levels of increased pain 
catastrophizing in those patients, compared to healthy participants. Pain catastrophizing is significantly 
associated with increased activity in several brain areas including regions related to attention to pain, 
with a pivotal role for the dlPFC, as revealed in patients with fibromyalgia (Gracely et al., 2004). The 
additional component of the winning model in both patient groups, compared with healthy 
participants, is the forward and backward connection between S1 and right dlPFC. Previous studies 
already demonstrated an increased function of the dlPFC during chronic pain states (Seminowicz and 
Moayedi, 2017). Because its size is enlarged in humans, when compared to other primates, it is thought 
that the dlPFC is involved in complex cognitive processes (Nee and D'Esposito, 2016; Rahnev et al., 
2016). Additionally, in the determination of the strength of parameter estimates, there was a 
difference in the strength of that particular connection (left dlPFC to S1) between patients with LBLP 
and FBSS. This leads to the hypothesis that patients could be distinguished from healthy participants 
due to the absence of a direct connection between S1 and dlPFC in healthy participants. Moreover, 
one could assume that differences in the strength of this connection can further discriminate between 
patients with LBLP and FBSS. However, this is only a hypothesis generated through the present study 
findings and should be further explored. Future studies could also further evaluate the role of pain 
catastrophizing by including this concept as a covariate in the DCM model building.  
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The thalamic nuclei are involved in the sensory and affective components of pain and modulate 
ascending nociceptive information (Ab Aziz and Ahmad, 2006). Based on literature that cortical evoked 
potentials are a result of a summation of electrical discharges at different depths and the decreased 
source-reconstructed signal-to-noise ratio with more in depth sources, we fitted the thalamus as a 
hidden source (Goldenholz et al., 2009). Therefore, it is possible that the hidden source is representing 
other midbrain sources than the thalamus, which are contributing to stimulus processing (Boly et al., 
2012). This may explain the winning model without thalamus in our study, where this hidden thalamic 
source is rather serving as a minor key player in contrast to the cortical end target regions. 
 
Despite the differences in brain connectivity, the pain intensity rating of acute nociceptive stimuli was 
not higher in pain patients compared to healthy participants. Additionally, the intensity at which 
patients and healthy participants experienced a stimulus as painful, did not differ either. Regarding 
sensory processing, frequently observed characteristics in patients with chronic pain are allodynia and 
hyperalgesia (Arendt-Nielsen et al., 2018; Wilder-Smith, 2011). However, the current finding is in line 
with the findings of Diers et al. (2007) who demonstrated that pain thresholds after intramuscular and 
intracutaneous electrical stimulation of the M. Erector Spinae and M. Extensor Digitorum were not 
altered between healthy participants and patients with chronic LBP (Diers et al., 2007).  
 
The methodology of estimating effective connectivity relies on the concepts of DCM and Bayesian 
principles. A possible drawback of this procedure is that Bayesian model selection is making a relative 
statement about the goodness of fit of the model, conditional on the model space of the current 
dataset, meaning the results are always conditional on the models that were constructed (Chen et al., 
2008). Therefore, we carefully constructed models, embedded in a family structure to obtain a 
realistic, well-structured set of models, although it is possible that another model that was not included 
in this model space, would perform even better. Another concern could be that more complex models 
will always be favored compared to simpler models, because they can model more features with an 
excellent fit. In DCM however, parameters of the posterior densities are estimated in a way which 
maximizes the approximate model evidence. Hence model evidence can be cast into model fit and 
model complexity, causing a penalization for more complex models (Friston et al., 2007). In other 
words, DCMs are estimated in a way which optimizes the trade-off between accuracy and complexity 
and therefore over-fitting is avoided with DCM (Stephan et al., 2010). 
 
In this study we focused on the processing of an acute nociceptive stimulus, however future studies 
could evaluate resting state processing to determine whether there are differences between healthy 
participants and chronic LBP patients with different underlying pain mechanisms in resting situations 
and daily living situations. This study has a couple of limitations such as the use of non-invasive 
electrodes, leading to an identification of neuronal dynamics by indirect observations on scalp 
electrodes. A second limitation is that the patients were older than the healthy participants. Therefore, 
we included an additional covariate to account for age differences. A third limitation is that besides 
the difference in primary pain mechanism (nociceptive versus neuropathic), both patient groups also 
differed in the amount of previous surgeries (none versus at least 1 previous spine surgery), pain 
duration (several weeks to months versus years), anatomical abnormality (present versus absent (only 
scar tissue)) and pain catastrophizing (no clinically relevant degree of catastrophizing versus a clinically 
relevant degree of catastrophizing) among other factors. Therefore, differences between both patient 
groups could also be explained by those factors and not only to differences in pain mechanism. A fourth 
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limitation is that skin conductivity could induce an influence on pain thresholds. No specific 
precautions were taken into account to minimize this influence. Finally, only differences in brain 
connectivity during processing of an acute painful stimulus were explored in this study. The addition 
of a control situation, i.e. a non-painful stimulus condition, would provide further insights to distinguish 
between both underlying pain mechanisms. However, the study also has a couple of strengths such as 
the fair amount of participants and fitted models and the use of state-of-the-art methods for 
evaluating effective connectivity with EEG, due to the low cost, limited availability of staff and the non-




When administrating an electrical nociceptive stimulus, effective connectivity measurements revealed 
an additional connection between S1 and PFC in patients with non-neuropathic LBLP and patients with 
neuropathic FBSS, compared to healthy participants.  
 
 
5. Methods and materials 
5.1 Participants 
Healthy participants, presurgical patients with nociceptive low back-related leg pain (LBLP) and 
patients with neuropathic chronic low back and leg pain due to Failed Back Surgery Syndrome (FBSS) 
were recruited between March 2016 and January 2018. All participants provided written informed 
consent prior to participation. The study was conducted according to the revised Declaration of 
Helsinki (1998). The study protocol was approved by the Ethics Committee of the University Hospital 
Brussels (B.U.N. 143201628585, 143201526926, 143201526924). Baseline data of the B²asic RCT 
(Clinicaltrials.gov identifier NCT02630732) and EEG Inspiration trial (Clinicaltrials.gov identifier 
NCT02751216) were used in this study.  
Participants were not allowed to take part in the study if they were pregnant or if they were 
overconsuming alcohol. 
Participants were included as healthy, pain-free controls if they were aged between 18 and 65 years, 
were free of specific pathology (e.g., spine pathologies, infection, rheumatoid arthritis, malignancy, 
diagnosed diabetes, cardiovascular or pulmonary problems, psychiatric disorders or other conditions) 
at the time of the study, were not experiencing any acute and/or chronic pain state at the time of the 
study and were not taking analgesics or medication for any chronic disease. Exclusion criteria were 
evidence of specific pathology and currently receiving treatment or medication.  
Patients with nociceptive LBLP (Ekedahl et al., 2016; Harrisson et al., 2017; Konstantinou et al., 2018), 
aged 18-65 years, were recruited at the department of neurosurgery from the University Hospital 
Brussels. Patients with lumbar radicular nociceptive pain, with an indication for spine surgery, were 
contacted to participate (Adebajo and Fabule, 2012). All patients had a score <4/10 on the ‘Douleur 
Neuropathique en 4 Questions (Neuropathic pain in 4 questions)’ (DN4). Exclusion criteria were 
symptoms of spinal cord compression, patients with chronic illness accompanied by uncontrolled 




Patients with postsurgical neuropathic pain were recruited from the surgery schedule for 
neuromodulation, at the department of neurosurgery of the University Hospital Brussels. Patients 
were recruited if they were above the age of 18 years, diagnosed with FBSS (i.e. the surgical end-stage 
after one or several operative interventions on the lumbar neuroaxis, indicated to relieve lower back 
pain, radicular pain or the combination of both, without a positive effect (Follet and Dirks, 1993)) and 
scheduled for the implantation of a spinal cord stimulator. All patients with FBSS had dominant leg 
pain (visual analogue scale score > 5/10) and chronic back pain, refractory to conservative treatments 
(pharmacological and physical therapy and minimal invasive pain therapy). Patients were only eligible 
if they experienced neuropathic leg pain, as screened with the DN4 by a score ≥4/10 (Bouhassira et al., 
2005), and fulfilled the NeuPSIG criteria (neuroanatomically plausible pain distribution and 
confirmatory tests (negative or positive sensory signs and/or diagnostic test confirming lesion or 
disease explaining neuropathic pain)) (Haanpaa et al., 2011). 
 
In the healthy group, 10 males and 10 females were included with a median age of 24 (22-43.5) years. 
In the group with LBLP patients, 9 males were included and 11 females with a median age of 48.5 
(36.75-59.5) years. In the group with FBSS patients, 6 males and 14 females were included with a 
median age of 52 (49-56) years. There is a significant age difference between the groups (χ2(2) = 
16.755, p<0.001), with healthy participants being younger than the patients, but no significant sex 
difference (χ2(2)=1.7829, p=0.41). The PCS score was significantly lower in healthy participants than in 
both patient groups (χ2(2)=22.97, p<0.001). Between both patient groups, we could not demonstrate 
a difference in PCS score (W=105.5, p=0.051). 
 
5.2 Study protocol 
This cross-sectional study consisted of one study visit at the University Hospital Brussels. During the 
study visit, electrical detection thresholds (EDT) and electrical pain thresholds (EPT) were consecutively 
determined at the right sural nerve in all participants. Afterwards, participants received 20 electrical 
stimuli at an intensity of 1.4 times the EPT at the right sural nerve, with simultaneous 
electroencephalographic (EEG) recordings. Patients received no instructions about medication use and 
continued to take their current medication. At the beginning of the visit, participants were asked to 
complete the Pain Catastrophizing Scale (PCS).  
 
5.3 Outcome measurements 
Electrical stimuli (constant current pulse train of 5 pulses at 250 Hz) were applied on the right sural 
nerve with a bipolar felt pad electrode which was located posterior of the lateral malleolus (France et 
al., 2002; Jurth et al., 2014) (Surpass LT Stimulator (EMS Biomedical, Korneuburg, Austria)). Stimuli 
were gradually increased by steps of 0.5 mA, starting from 0 mA, until the participant experienced a 
faint sensation (EDT). Stimuli were further increased until the participant experienced an unpleasant 
sensation (EPT) (Vuilleumier et al., 2015). Measurements were performed three times with 30 seconds 
interval. The mean of the three measurements was used in all analyses (Vuilleumier et al., 2013). 
Electrical pain thresholds are a reliable assessment tool for evaluating the sensitivity of the spinal 
nociceptive pathways in patients with chronic pain (Biurrun Manresa et al., 2011). All participants 
received 20 electrical stimuli (pulse train of 5 pulses), with an inter-stimulus interval of 8-12 seconds, 
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at an intensity of 1.4 times the individualized EPT, to ensure that stimuli were perceived as painful. 
During the application of the 20 stimuli, EEG recordings were made. After the 20 stimuli, patients were 
asked to give a pain intensity rating on a verbal numeric rating scale from 0 (no pain) to 10 (worst pain 
imaginable).  
 
5.3.1 EEG  
All assessments were conducted in the afternoon between 2 and 8 PM in a quiet, lighted room 
with the same equipment. Participants were instructed to sit as relaxed and still as possible. 
Additionally, they were asked to close their eyes, avoid blinking and avoid making small movements 
with their face. A scalp EEG (Sienna digital EEG, EMS Biomedical, Korneuburg, Austria) with 
a 32-channel Sn surface electrodes headcap was used (Headcap, EMS Biomedical, Korneuburg, 
Austria), following the standard 10/20 montage system. Two reference electrodes were located 
behind the ears (earlobe references). Impedances were evaluated and kept as low as possible. 
The EEG was sampled against the AFz ground electrode.  
Raw data files were exported as text files and imported into EEGLAB (Delorme and Makeig, 2004), a 
free toolbox in Matlab (MathWorks, Sherbon, MA, USA) for preprocessing of the data following 
Makoto’s preprocessing pipeline (https://sccn.ucsd.edu/wiki/Makoto's_preprocessing_pipeline). The 
following steps were consecutively executed in EEGLAB to preprocess the data:  
- Triggering input was read in through an additional channel and removed afterwards.  
- The data was downsampled from 2048 Hz towards 256 Hz to compress data size. 
- A high-pass filter at 1 Hz and a low-pass filter at 50 Hz were applied. 
- Channel coordinates were allocated to all electrodes. 
- Bad channels were removed with the clean_rawdata function in EEGLAB and interpolated.  
- Re-referencing against the average of 32 recorded surface electrodes.   
- Independent Component Analysis (ICA) with AMICA.  
- Epochs from 1 second pre-stimulus to 2 seconds post-stimulus were created.  
- Baseline correction from -1000 ms to 0 ms was executed to compensate for signal drifts. 
 
After the preprocessing, data files were loaded into SPM 12 (Wellcome Trust Centre for Neuroimaging, 
London, UK), a toolbox in Matlab 2016b. After loading the data into SPM, the first step was to manually 
check the EEG cap configuration to be sure the electrodes were located at the correct position. 
Afterwards, the 20 stimuli per participant were averaged to obtain one averaged event related 
potential (ERP) for each person. 
 
5.3.2 DCM 
DCMs are generative models of the brain responses, which provide posterior parameter estimates 
including information about the strength of connections between neuronal populations and the 
context-dependent modulation (Stephan et al., 2010). DCM for EEG is relying on two models: one 
realistic neurobiological model about the interacting neural populations and one biophysically 
plausible forward model for the transformation between the real underlying neural activity and the 
measured/observed activity (Stephan et al., 2007). Here, the neural state equation describing the 
evolution of the hidden states is based on the Jansen and Rit model (Jansen and Rit, 1995). A small 
number of state variables is used to represent brain regions (David et al., 2006). The observation model 
is a forward model which describes how an electromagnetic field is propagated through the brain and 
gives rise to electrical potentials at the scalp (David et al., 2006). All parameters of the model are 
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estimated using a variational Bayesian estimation scheme (Friston et al., 2007). In general, DCM has 
state equations of the following form:  
   
𝑑𝑥
𝑑𝑡
= 𝑓(𝑥, 𝑢, 𝜃) 
with x representing the neuronal state of cortical areas and u the experimental input. The observer 
equation is described as a linear forward model of the form:   
𝑦 = 𝐿(𝜃)𝑥0 +  𝜀 
with y the measured response, L(θ) the lead field matrix for coupling electrical sources to EEG channels, 
x0 the transmembrane potential of pyramidal cells and ɛ the observational error. (David et al., 2006; 
Stephan et al., 2007) 
 
 
5.3.3 DCM model building 
For the model building, a pre-defined number of brain regions was chosen, based on the existing 
literature on pain processing of nociceptive stimuli. The included brain regions for DCM consisted of 
the thalamus (Boly et al., 2012), left primary somatosensory cortex (S1) (Yang et al., 2017), left and 
right dorsal anterior cingulate cortex (dACC) (Sevel et al., 2015), left and right dorsolateral prefrontal 
cortex (dlPFC) (Sevel et al., 2015) and left and right posterior insula (Sevel et al., 2015) (table 1). S1 was 
restricted to the left hemisphere because all participants were stimulated on the right side. All sources 
are fitted as single equivalent current dipoles. The thalamus is serving as a hidden source due to its 
deep location within the brain (Friston et al., 2013). Nociceptive information was assumed to act as an 
experimental input to the thalamus or to S1 if the thalamus was not included in the model.  
Based on current understanding of neurophysiology, we specified 114 connectivity models (appointed 
with numbers) with different extrinsic connections. Models can be categorized based on the family 
they belong to, into twelve families (appointed with letters). Model families A, C, E, G, I and K only have 
forward connections, the other model families have forward and backward connections. Due to the 
hierarchical structure of the brain, the thalamus is the brain region which is sending forward 
connections to other brain regions. Connections from other structures back to the thalamus are 
defined as backward connections. In model families A to F, the somatosensory cortex is serving as input 
structure, while in families G to L the thalamus has this role. Families A and B are consisting of models 
without the thalamus and are restricted to the left hemisphere. Families C and D entail models without 
the thalamus with bilateral brain regions. Families E and F are similar to C and D with the addition of 
connections between the bilateral brain regions. The construction of families G to L is similar to the 
families A to F, although the thalamus has been added to the model and is receiving the input instead 
of S1.  
All analyses were performed on a time period from stimulus onset (at time 0) to 500 ms post-stimulus. 
Early responses were not modeled, so modeling was started around the first large deflection with the 
onset parameter at 64 ms. This is assumed to be a reasonable time delay after which one can expect 
activation of the cortical area provoked by the stimulus, due to the propagation of the stimulus through 
the nodes (Litvak et al., 2011). The construction and estimation of the 114 models was performed on 
each individual participant, resulting in 2280 model fittings (20 subjects x 114 models) in each group. 
 
5.3.4 Pain catastrophizing 
The PCS questionnaire was used to measure the level of pain catastrophizing. This questionnaire 
consists of 13 pain-related cognition items that needed to be scored on a 5-point Likert scale (0 = not 
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at all, 4= all the time)(Sullivan et al., 1995). Scores ≥30/52 indicate a clinically relevant level of 
catastrophizing (Sullivan, 1995). The internal consistency, test-retest reliability and validity are 
acceptable (Lame et al., 2008; Osman et al., 1997).   
 
5.4 Data analysis 
All analyses were performed with Matlab 2016b (MathWorks, Sherbon, MA, USA) and R studio version 
0.99.903 (R version 3.4). Shapiro and Levene’s tests were used to determine whether parametric or 
non-parametric statistics were the most appropriate. Demographics were compared between the 
three groups with a Kruskal-Wallis test for age and a Chi-square test for sex. Pain thresholds and pain 
intensity ratings between the three groups were compared with Kruskal-Wallis tests.  
DCM model fitting was performed in two stages. During the first stage, model inference was conducted 
independently in the three groups, based on the same set of alternative models to obtain a winning 
family and winning model in each group. Within the setting of a family comparison, all models within 
a family are averaged and the exceedance probability, i.e. the probability of one model being more 
likely than any other model, is calculated for all families (Penny et al., 2011; Stephan et al., 2009). 
Random-effects Bayesian model comparison (RFX) was applied in this study, due to the robustness and 
because we assume the optimal model is not identical across subjects (Kasess et al., 2010). 
Additionally, the Bayesian omnibus risk was calculated to evaluate whether there was a real difference 
between the models. The Bayesian omnibus risk represents the posterior probability that the model 
frequencies of all models being tested are equally likely to represent the observed data (Rigoux et al., 
2014). During the second stage, Parametric Empirical Bayes (PEB) was used to evaluate group effects 
on parameters with default settings (Friston et al., 2016). This was performed on the nested models 
belonging to the family of the winning model. To model the average connectivity over subjects, we 
included a first regressor. Two additional regressors were added to model between group differences; 
one regressor for evaluating the differences between healthy participants versus patients and one 
regressor for evaluating differences between patients. At last, a covariate with mean-centered age for 
each participant was included to account for age differences. Additionally, parameters that were not 
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Figure 1: Results of the Bayesian model selection in healthy participants, patients with LBLP and 
patients with FBSS. In the first column, the exceedance probabilities of the model families are shown. 
Families L and F outperform the other models in the healthy group (I). Family F outperforms all the 
other models in the LBLP (II) and FBSS group (III). In the middle column, all models are presented with 
a clear advantage for model 40 in the healthy group and model 38 in the LBLP and FBSS group. In the 
right column, the structure of the winning model is represented for each group. Solid blue arrows 
represent forward connections, dotted orange arrows backward connections between the brain 
regions. Abbreviations: dACC = dorsal anterior cingulate cortex, PFC = dorsolateral prefrontal cortex, 





Figure 2: Posterior parameter estimates.  
A. Estimated effective connectivity (directed from columns to rows) with parameters that contribute 
to the model evidence on the log scale. All groups contribute to the mean posterior estimates. 
B. The model with all parameters that contribute to the model evidence. Solid blue lines represent 
forward connections and orange dotted lines backward connections.  
C. Posterior estimates of the contributing parameters.  
Abbreviations: ACC = dorsal anterior cingulate cortex, INS = insula, l=left, PFC = dorsolateral prefrontal 





Figure 3: Posterior parameter estimates for comparisons between groups.  
A. Contrast between being a patient or not being a patient 
B. Contrast between patients with LBLP and patients with FBSS 
Abbreviations: ACC = dorsal anterior cingulate cortex, INS = insula, l=left, PFC = dorsolateral prefrontal 



















Table 1: MNI coordinates of the included sources in model fitting.  
Abbreviations: dACC = dorsal anterior cingulate cortex, PFC = dorsolateral prefrontal cortex, post= 
posterior, S1 = primary somatosensory cortex. 
 
Source x y z 
Thalamus  500 500 500 
S1 left  -26 -40 68 
dACC left  -9 8 44 
PFC left  -39 29 26 
Post insula left  -45 -25 14 
dACC right  9 11 41 
PFC right  42 35 26 






LBLP patients FBSS patients P-value Post-hoc 
testing 
Sex (M/F) 10/10 9/11 6/14 0.4101  
Age (years) 24 (22 – 
43.5) 
48.5 (36.75 – 
59.5) 






Painful side (L/R)  12/8 12/8 1  
PCS score 14 (8.25 – 
18.25) 
24.5 (17.75 – 
31.5) 






EDT (mA) 1.92 (1.46 – 
2.17)  
2.08 (1.50 – 2.54) 2.33 (1.25 – 3.04) 0.4179  
EPT (mA) 7.17 (4.58 – 
9.08) 
5.75 (4.12 – 8.42) 5.58 (3.83 – 8.75) 0.7207  
NRS score 3 (3 - 4.25) 4.5 (3 – 6) 4.5 (3 – 6)  0.2811  
Pain medication  Weak opioids: 1 
Weak opioids + 
paracetamol: 3 







NSAID : 1 
NSAID + 
Pregabaline : 1 
None: 4 
Amitriptyline: 1 
Gabapentine + weak opioids: 
1 
Paracetamol: 3  
Pregabaline: 4 




Opioids: 1  
Duloxetine: 1 
Amitriptyline + pregabaline: 
1 
Weak opioids: 1 
  
Table 2: Demographics, thresholds and pain intensity ratings of the three groups.  
Abbreviations: EDT: electrical detection threshold, EPT: electrical pain threshold, F: female, FBSS: 
failed back surgery syndrome, HC: healthy controls, L: left, LBLP: low back-related leg pain, M: male, 
NRS: numeric rating scale, R:right.  
 
 
 
